Supplementary Materials and Methods
manufacturer's instructions, with 2 μg of total RNA for each of the three biological triplicate samples as input. The libraries were enriched using 15 cycles of PCR and the insert size ranged from 80 to 330 base pair (bp). The libraries were randomized and sequenced in two separate lanes using HiSeq 2000 with the TruSeq v3 SBS reagents to generate 100 bp paired-end reads. The data were demultiplexed using Casava 1.8.2.
For LF treatment and the corresponding matching controls, a TruSeq Stranded mRNA-seq prep kit was used to prepare the RNA samples as per protocol using 1 µg of total RNA for each of the three biological triplicate samples as input. The libraries were enriched using 12 cycles of PCR to minimize the number of PCR duplicates. The libraries were multiplexed and sequenced on the same flow cell using NextSeq500 v2 reagents to generate 75 bp single reads. The data were demultiplexed using Casava 1.8.2.
Processing of RNA-seq data
RNA-seq data were analysed as per Twine et al. (2013) 1 mapped to each gene was counted using HTSeq (version 0.5.3p9) using the options "-s no -m union -t CDS -i gene_id". Reads were mapped to the coding sequence (CDS) irrespective of the strand and reads found in ambiguous overlapping CDS were not counted. The GFF gene co-ordinates file was obtained from the Saccharomyces Genome Database 6 and converted to GTF format using custom Perl scripts.
Different versions of RNA-analysis tools were used for the LF treatments and matched controls. These include Bowtie (version 2.2.4), TopHat (version 2.0.13) with options "-N 2 --library-type fr-unstranded"
and Htseq (version 0.6.1p1) with the same options as described above.
Analysis of Differential Gene Expression
To identify the genes that were differentially expressed in S. cerevisiae treated with AMB, LF or AMB-LF, biological triplicate RNA-seq samples were analyzed for each treatment, with 18 samples in total. The data generated from HiSeq2000 and NextSeq platforms were analyzed separately. For the samples analyzed with HiSeq2000, there were on average 10 million reads per sample (approx. 170x coverage)
and for the samples analyzed with NextSeq, there were on average 27 million reads per sample (approx.
170x coverage). Genes with low raw read counts were removed and only genes with 7 counts per million for at least 6 samples were kept for analysis. Differential expression of genes was analyzed using in R (version 3.2.5) and the edgeR library (version 3.12.0) 7 . Multiple dimension scaling was used to examine the similarity in read counts between the samples and to assess reproducibility of the replicates. The samples were normalized with respect to the library size and tag-wise biological coefficient of variation.
A linear model was used to adjust for lanes effect from sequencing the samples on different sequencing lanes. Statistically significant differentially expressed genes were identified using edgeR 7 . An adjusted pvalue of 0.05 was used as the cutoff for identifying differentially expressed genes. The log fold-change in gene expression that was calculated using edgeR was compared with those calculated using DESeq2 8 , with high reproducibility between the two methods (Supplementary Figure S2) . The results generated using edgeR were used for all subsequent analyses as these identified a lower number of differentially expressed genes and were therefore more stringent.
For the analysis of the LF treatment, RNA-seq data were analyzed with R (version 3.2.5) and edgeR (version 3.12.0) 7 as above. Genes with low raw read counts were removed and only genes with 7 counts
per million for at least 3 samples were kept for analysis. The samples were normalized with respect to the library size using the Trimmed Mean of M-values (TMM) method and the biological coefficient of variation was estimated using the tag-wise method 7 . The reproducibility of the replicates was analyzed using multidimensional scaling (Supplementary Figure S4a) . Any batch effects from the experiments carried out on the different lanes were eliminated using a generalized linear model. An adjusted p-value of 0.05 was used as the cutoff for identifying differentially expressed genes. The log fold-change in gene expression calculated using edgeR. The edgeR results were compared with those obtained through DESeq2 (data not shown). No significantly differentially expressed genes were identified in the LF treatment and therefore this treatment was not subject to further analysis.
Self-Organizing Maps
Self-organizing map (SOM) analysis was used to identify clusters of differentially expressed genes with similar gene expression profiles. Transcript data from the AMB and AMB-LF treatments were first organized in two separate self-organizing maps (SOMs) to identify clusters of genes with correlated expression patterns. Several normalization steps were performed on the read counts for each sample, these included: 1) normalization with respect to the library size using the 'cpm' function in EdgeR, 2) normalization with respect to gene length to obtain the reads per kilobase per million (rpkm) value, 3) the log 2 rpkm values across the 12 samples were scaled to a mean of 0 and standard deviation of 1 per gene using Pareto scaling implemented in the 'genefilter' library (version 1.50.0).
The SOM was generated using the R 'kohonen' library (version 2.0.19) 9 . A 5 x 5 grid, the Von Neumann neighborhood function and 100 iterations of the learning algorithm were applied to each SOM. Each cluster contained genes with highly similar gene expression profiles, with neighbouring clusters having less similarity. The 5 x 5 grid was selected over other sizes (4 x 4 or 6 x 6) to identify clusters that were not too sparse or dense (data not shown).
Each self-organizing map figure was drawn using custom R scripts and the 'lattice' library (version 0.20-33). The gene expression profile for each gene consisted of the scaled values (y-axis) for the 12 samples (x-axis). The clusters were numbered from bottom to top and from left to right in the self-organizing map, such that the bottom-left cluster is number 1 and the top-right cluster is number 25. To provide a summary view of the SOM map, a heat map was used to present the average expression pattern for each cluster. The Euclidian distance function was used to assess the similarity in the gene expression profile and the 'average' agglomeration method was used to group the clusters.
Functional Enrichment Analysis
Lists of significantly differentially expressed genes from the AMB and AMB-LF treatments were separately analyzed for enrichment of Gene Ontology (GO) biological process terms using the ClueGO 10 tool. To identify active or inactive pathways, genes with increased or decreased gene expression were analyzed separately. The Bonferroni step down method was used to adjust the p-values, and GO terms with adjusted p-value < 0.05 were deemed significant. GO terms that shared a high number of genes were merged together, if the Cohen's kappa score was below 0.13, and the most significant GO term was considered representative and was shown for this analysis. The bar chart that plots the negative log p-values of each enriched GO term was drawn using Tableau visual analytic software (version 9.0). . Any GO term that mapped to one gene only was excluded from the analysis. To account for the hierarchical relationships among GO terms, a conditional hypergeometric tests was used to adjust the significance of a parent GO term based on the significance of the child GO terms. A GO term was considered to be significant if the adjusted pvalue was less than 0.01.
Comparison of enriched GO terms identified prior to and after gene expression profile clustering using

SOM
We compared the number of enriched GO biological process terms that were identified either before or after the application of SOM to cluster genes with similar gene expression profiles (Supplementary Figure S7) . We also tallied the number of enriched GO terms that were in common, before and after clustering. The analyses described above were performed separately on lists of differentially expression genes from AMB or AMB-LF treatments, and for each treatment the genes with increased or decreased expression were also analyzed separately. We also determined if relationships between GO terms in the GO hierarchical tree affected the number of unique GO terms identified before or after clustering with SOM. Relationships among the GO terms were obtained from http://www.geneontology.org/ontology/go.obo). To compare GO terms identified before and after clustering with SOM, two GO terms were counted as non-unique if they shared ancestor-descendant relationships in the GO hierarchical tree. High-level GO terms with a depth of less than 2 were excluded from analyses of the ancestor-descendant relationships.
Network-based Enrichment of Transcription Factor Targets in Co-expressed Gene Clusters
Network-based enrichment of transcription factor gene target relations from the Yeastract 13 and YeastMine 14 databases were used to investigate whether co-expressed genes in the same SOM cluster were likely to be co-regulated by a common transcription factor 13, 14 . A list of 207 known S. cerevisiae transcription factors was obtained from the literature 15, 16 . To check whether these transcription factors were responsible for the regulation of gene co-expression, each cluster was analyzed for an enrichment of targets for any of the known transcription factors. The result consisted of a list of transcription factors that have high probability of regulating the expression of the known target genes in the cluster. To increase the specificity of the transcription factors identified, two different approaches were used and the results that were in common between the two approaches were reported. The first approach involved the use of Yeastract 13 (version 2013-09-27), a database of curated transcription factor and target gene interactions. Fisher's exact test was used to calculate the probability of enrichment and the p-values were adjusted for false discovery rate. A transcription factor was considered to be enriched if the adjusted p-value was < 0.0001. For each cluster, any transcription factors with one or more target genes in the cluster were analyzed. The second approach used the YeastMine publication enrichment tool 14 . Each cluster of co-expressed genes was analyzed separately for an over-representation of known transcription factor and target genes relationships from the literature. Significant hits with BenjaminiHochberg adjusted p-value of < 0.05 were filtered by searching for literature with a title containing the gene name of known transcription factors. For the two approaches, the background set included the total set of yeast genes in the SGD database.
Visualization of Integrated Transcription Factor-Target Gene Networks and Protein Interaction Networks
To investigate transcription factor-target interactions and the protein-protein interactions between transcription factors and co-regulatory factors, an integrated network was constructed. . Log fold-changes from differential expression analysis were co-visualized as node colors.
Apoptosis and oxidative stress response genes
Genes involved in oxidative stress were identified from the Saccharomyces Genome Database (SGD) 6 23 were also added to our list.
Selection of genes for chemical-genetic experiments
A list of criteria was used to select query genes to perform chemical-genetic experiments with gene knockout mutants. The query genes were selected from the list of genes with significant differential expression in AMB or AMB-LF treatments. We narrowed the list further to genes that were representative of enriched biological processes involved in response to stress or drug treatments or strain. Knockouts were confirmed using PCR as previously described by the Yeast Deletion Project 
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T im e ( h r ) , nitrosative stress (NaNO 2 ), heat stress (37 °C) and cell wall stressing agents (NaCl, SDS, calcofluor white (CW) and caffeine). CW was tested at 200 µg/mL except for vel1, yor387c and vel1/yor387c where 300 µg/mL CW was used. In (a) cch1 was tested later with only selected stressing agents. Only aft1Δ and zap1Δ mutants showed increased sensitivity to AMB and other types of stressors. These suggest Aft1p and Zap1p are important for resistance to AMB and oxidative stress. The aft1Δ strain had increased susceptibility to calcofluor white, NaCl, NaNO 2 , SDS and caffeine, and the zap1Δ strain was susceptible to all stressors except SDS, NaNO 2 and NaCl. These results indicate Aft1p and Zap1p are important in stress responses in general. c) The aft1Δ and zap1Δ mutants were further tested with AMB in combination with LF. Both aft1Δ and zap1Δ showed growth retardation in the presence of AMB-LF but not to the individual agents alone.
Supplementary Figure S7: The numbers of enriched GO biological processes terms identified prior to and after SOM clustering. Results were divided into groups based on the type of treatment, increased or decreased gene expression and whether clustering had been applied prior to GO term enrichment (graph on the left hand side). The horizontal bars show the number of enriched GO terms identified prior to clustering analysis (green bar), after clustering analysis (orange bar) or shared by both analyses (blue bar). To demonstrate that the increased percentage is due to identification of GO terms unique to the clustering analysis, we reanalyzed the data and GO terms were considered to be unique only if related ancestor-descendent relationships were not identified prior to clustering (graph on right hand side). We consistently observed a higher number of enriched GO terms after clustering analysis. 
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